Motivation: De novo motif discovery in biological sequences is always an important and computationally challenging problem. In the past 20 years, a myriad of algorithms have been proposed to solve this problem with varying success. Ensemble algorithms, which combine different individual algorithms, have been introduced in previous studies, and it has been proved that an ensemble strategy can improve the prediction accuracy. However, the performance of these tools has not yet met most people's expectation. One reason for the low performance is failure to adapt to complicated and large data sets. Another existing problem is that fewer motif finding tools are available, and many of them are not maintained.
Introduction
Gene expression is the fundamental biological process in which DNA is transcribed into RNA (transcription) which is then translated to protein (translation). The process of gene expression is essential in all known life, including eukaryotes, prokaryotes, and viruses. All cellular functions are coordinated by only a small percentage of the genome sequence in the process of gene expression. Thus, transcription needs to be qualitatively and quantitatively accurate to ensure the proper function of cells. Gene expression is usually controlled by transcription factors (TFs) that activate or inhibit the transcription machinery. Specifically, transcription factors are proteins that are involved in the process of transcribing DNA into messenger RNA (mRNA). TFs have distinct DNA-binding domains to bind to specific DNA sequences in the promoter region. The actual DNA-binding domains interacting with a TF is called a motif [13] . In general, a motif is a contiguous sequence found in both strands of the DNA sequences. Sometimes, it can also be gapped or palindromic [11] . The motif finding problem is usually defined as finding conserved short sequences across a subset of sequences with a common biological significance. Sequences used for motif finding are extracted from promoter regions of genes. Identifying motifs is one of the keys for understanding the mechanisms that regulate gene expression.
Eukaryotic transcripts are more complex than prokaryotic transcripts as the gene sequences of eukaryotes contain non-coding regions called introns and coding regions called exons. The promoter regions of mammals and Drosophila melanogaster have been widely studied, while Figure 1 .1: Gene expression at the molecular level. The process of gene expression has two major steps. Transcription is the the first step, in which the genetic information on DNA is copied to RNA. Translation is the second major step. In translation, Messenger RNA (mRNA) is decoded to produce amino acids. Then the amino acid chain is folded to form a protein.
for important unicellular eukaryotes, such as budding yeast (Saccharomyces cerevisiae) and fission yeast (Schizosaccharomyces pombe), the core promoter structures have not been com-prehensively analyzed to date [26] . S. pombe is a unicellular eukaryote and has been subject to extensive experimental research in the study of basic principles of cell cycle regulation and cell division that can be used to understand more complex organisms like mammals and in particular humans. It contains one of the smallest numbers of genes yet recorded for a eukaryote [52] .
In the past 20 years, numerous de novo motif discovery tools have been developed. These tools predict motifs using only a computational model without comparison to existing data.
Motifs can be found computationally and then confirmed by experiment, making the process of motif identification significantly more efficient. For example, MEME [4] is the most commonly used tool in this area and uses multiple expectation maximizations to discover possible motifs within the input data. Weeder [37] exhaustively enumerates possible consensus sequences determined from precomputed frequency files and evaluates each one. However, a survey of DNA motif finding algorithms [11] revealed that most tools have been shown to have a better performance in yeast than that in higher organisms such as human and mouse.
For the previous motif finding tools, early studies [47] indicated that the highest sensitivity and precision they can achieve are 13% and 35%, respectively. One reason for the low performance is that, when trying to find over-represented patterns from a set of sequences, patterns always contain mutations, insertions, or deletions of nucleotides.
There remain problems in the motif finding area. Besides the problem of low accuracy, another problem is that many motif finding tools for promoter analysis no longer exist as software that is maintained and can be downloaded. Before next-generation sequencing (NGS) was introduced, algorithms for motif finding were primarily designed for promoter analysis, which involved a small set of sequences with hundreds of base pairs (bps), while motif finding for ChIP-seq usually work on large genome-wide DNA data sets with short sequences. Even though we are now in the NGS era, focused promoter analysis is still needed. However, I find many motif discovery tools for promoter analysis are no longer available. And most currently available motif finding tools are designed for ChIP sequences, such as DREME [3] and RSAT peak-motifs [46] . Finally, most ensemble pipelines take in FASTA for ChIP-Seq data only, and some limit the number of input sequences. In this case, an ensemble tool with greater sensitivity for a small number of longer sequences is desirable.
Since individual tools can be better suited for specific scenarios, ensemble tools that combine the results of many algorithms should be able to yield a more confident and complete result.
According to the result of Hu's study [51] , which tested against Tompa's data sets [47] , ensemble motif finding tools show better performance compared to individual tools. The idea behind ensemble motif discovery is to run multiple existing tools, then process and combine their results to generate the final output. The idea of the ensemble approach has been widely applied in several biological areas, such as gene prediction [1] and protein domain prediction [40] . In the past 10 years, several ensemble tools for motif finding have been developed, combining different algorithmic methods, such as MotifVoter [54] , GimmeMotifs [49] , and EMD [20] . Some of these tools rely on a hidden Markov model [14] , such as GimmeMotifs and MEME-ChIP [30] . Additionally, some compare the results against a database, such as JASPAR (Melina II [35] ) or STAMP [31] . It has been demonstrated that the ensemble strategy for the motif discovery problem can effectively improve both the sensitivity and accuracy of the prediction [11] .
After applying multiple algorithms, it is a challenge to combine the results from those different algorithms, which are based on different scoring and evaluation systems. For example, Melina II [35] does not perform any statistical analysis on the motif results and simply allows the user to run the results through an external tool. Ensembles like SCOPE [7] ranked the top motifs from component tools based on a scoring function. EMD and MotifVoter [51] proposed a clustering-based ensemble considering the binding sites when combining results and ranking top motifs from several algorithms.
Here, we develop the Motif Combining and Association Tool (MCAT), a pipeline to find a single or multiple short motifs in the upstream (or promoter) regions of target genes believed to have common biological function. MCAT was initially motivated by the study of cell division in fission yeast. Cell division is a highly orchestrated process. Thousands of proteins are involved, with hundreds being important regulators. People want to understand how such a complex event can be reliably executed [15, 23] . Specifically, by using Schizosaccharomyces pombe (fission yeast) as a model organism, we want to discover those motifs, that are also hopefully transcription factor binding sites, existing in the promoter region of S. pombe, that regulate the mitotic checkpoint signaling procedure [16, 17] . The motifs do not necessarily appear exactly once in every sequence, one motif might appear one or multiple times in some sequences and not appear at all in others. MCAT searches for motifs by running six wellestablished motif discovery tools (MEME [4] , BioProspector [28] , CMF [32] , DECOD [21] , Weeder [37] and XXmotif [29] ) on promoter sequences independently, then combines and reports the results using a novel algorithm we developed called VoteRank, see Section 4.1.2.
We demonstrate that the MCAT approach provides an effective algorithm for improving sen- To construct a PWM, the first step is to build position frequency matrix (PFM) by adding up the elements at each position. The next step is to convert PFM to PWM using log likelihoods. The highlighted scores are the highest scores at all positions. The sequence score is calculated by summing the highlighted scores. When given a threshold, the short sequence is identified as match if the sequences score is higher than the threshold.
The MCAT algorithm combines multiple motif finding algorithms. The motif finding problem is defined below. In detail, we consider DNA sequences and use a fixed alphabet = {A, C, G, T }. We are given a set of DNA sequences S = {s 1 , s 2 , ..., s m } and a motif length L. We choose several motif discovery algorithms for the analysis. For each sequence s i , the output is a set of candidate L-mer motifs c 1 , c 2 ,...,c n . MCAT retrieves all the motifs and then ranks and clusters motifs that maximize a consensus score. In particular, a motif 7 can be specified as a position weight matrix (PWM) [44] as shown in Figure 1 . A PWM is a probabilistic description of nucleotide occurrences at each location of the motif, more specifically, it is a 4×L matrix with four rows for nucleotides and L columns for motif length.
Often, the first step is to create a basic position frequency matrix (PFM) [44] by summing the occurrence of each nucleotide at each binding site. Then after having the PFM, a position probability matrix can be constructed by using the counts of each nucleotide by the total number of nucleotides at each position. Usually, the PWM employs the log likelihood ratios of observing a nucleotide in a binding site relative to genomic background [18] . The formulas used during the conversion is displayed below,
where p(i) is the background frequency of nucleotide i, and p(i, j) is the frequency for nucleotide i at site j and can be calculated.
A particular site is evaluated by summing the elements from the scoring matrix at each position and comparing the sum to a match threshold. Sequence logo [10] can be applied to visualize PWMs.
Chapter 3

Review of Literature
This chapter reviews the literature related to the thesis. In Section 3.1, I discuss the related algorithms for the motif finding problem. Section 3.2 reviews the performance assessment for the motif finding problem.
Motif Finding Algorithms
In previous studies, various motif finding algorithms have been proposed for the motif finding problem, such as probabilistic algorithms, consensus-based methods, and ensemble algorithms. There are reviews focusing on individual motif finding tools [11] , ensemble algorithms [22, 27] and Web applications for motif finding [48] . Although various tools are published in the past 20 years, we note that fewer tools are available now.
Probabilistic algorithms, which are profile-based algorithms, include methods such as expectation maximization (EM) [25] and Gibbs sampling [24] . The general procedure of a probabilistic algorithm is first to select some positions as the start positions for alignment, then align the related sequences, after that, it builds a PWM for each candidate motif and scores the motifs. This procedure will run iteratively and heuristically. The main difference between EM and Gibbs sampling is that Gibbs sampling will choose only one random initial starting position among all the input sequences, and it will give different results every time it runs. For instance, MEME [4] is EM based, and BioProspector [28] is based on Gibbs
sampling.
Another important algorithm for motif finding is consensus-based algorithm. The consensusbased method mostly relies on exhaustive enumeration by constructing multiple consensus strings and picking the ones with the highest scores. Therefore, the consensus-based method is a global optimization method and is guaranteed to find the best results. The disadvantage of consensus-based algorithm is that it usually reports similar results and has limitation on motif width. One example of a consensus-based tool is Weeder [37] . Consensus-based methods are usually more accurate but slower than probabilistic methods [55] . Consensusbased methods are more appropriate for motif finding in eukaryotes, which have shorter motifs in general. On the other hand, probabilistic methods are good choices for motif finding in prokaryotes [11] .
Ensemble algorithms were introduced later. The general idea of an ensemble algorithm is to combine predications from multiple component algorithms in order to increase prediction accuracy. According to previous assessment experiments with Tompa [47, 51] , ensemble algorithms can achieve up to 48% in precision, while individual algorithms can only achieve up to 30% in precision. Currently available ensemble algorithms can mainly be classified based on their combining methods [22] .
Profile-based
Profile-based motif finding tools such as BEST [8] , MotifVoter [51] , and MProfiler [2] generally score each motif and report the top motifs based on their scores. The main idea of MotifVoter is to vote and cluster candidate motifs based on similarity measures, including motif similarity and cluster similarity. Melina II [35] employs a scoring function as well, however, it does not employ a combining function. 
Clustering
Machine Learning
With advancement of machine learning technology, many machine learning methods have been applied to solve motif finding problems. One earlier pipeline, MultiFinder [40] , used hierarchical clustering and a statistic scoring function to combine results and merge motifs.
Dassi [12] developed the toolkit DynaMIT for finding motifs in DNA and RNA sequences.
They provided seven clustering strategies for integration, such as Jaccard similarity, and a PCA algorithm [38] as well as pairwise alignment.
Other Approaches
DMINDA [53] is an ensemble web application based on a phylogenetic footprinting framework consisting of five motif finding algorithms. As long as one single gene is conserved across input sequences, the phylogenetic footprinting method can identify it.
Performance Evaluation of Motif Finding Algorithms
Given the many motif finding tools, a robust assessment standard is needed for performance evaluation. Diversified data sets are expected to clarify the parameters that affect tools'
performance. Biological data sets and synthetic data sets with planted motifs are often tested against some algorithms proposed before. Due to the limited knowledge of biological processes, some biological data sets may be too complicated to discriminate TF binding sites, while synthetic data sets may exhibit bias within a motif finding algorithm [41] . Further, tools may have a better performance on simpler organisms but have poor performance on
higher organisms [11] .
Tompa [47] proposed a small-scale benchmark of data sets and evaluated thirteen available motif finding algorithms. The other goal of the benchmark is to assess future tools. The binding sites, locations and orientations were extracted from the TRANSFAC database [33] .
The data sets come from four species: human, mouse, Drosophila melanogaster, and Saccharomyces cerevisiae. These consist of three types of sequence sets: (1) binding sites in their real promoter sequences, (2) binding sites planted in randomly chosen promoter sequences, and (3) binding sites planted in sequences generated according to a Markov model.
The results reported low performance of these tools including such tools as MEME [4] and Weeder [37] . Some limitations exists in Tompa's benchmarks. Tools have to return only one or zero motifs per sequence, and many binding sites are unusually long (31-71 bp).
Furthermore, the results are still subject to human choices on parameters when running tools.
Later, another benchmark data set construction strategy [41] was presented based on Tompa's benchmarks from a machine learning prospective. They first described the discrimination algorithm suite to analyze data sets in the following steps: first the best possible discrimination scores of each data set are calculated and ranked according to the scores. Then it will help to choose subsets with specific properties so that it provides a good discrimination between positive and negative input sequences. They also proposed one model benchmark with data sets rely on common motif models. The three most common motif models include PWM, IUPAC codes, and mismatch strings. Exhaustive search algorithms have been developed to avoid any search bias. DNA sequences usually contain regions with highly biased distributions of nucleotides, which is called low-complexity regions. Low complexity regions, such as simple tandem repeats and AT-rich regions, can lead to the high-score results that are biologically uninteresting. During the masking stage, the input sequences are filtered for low complexity regions by using the DUST module [34] . DUST module assigns a complexity score for each nucleotide. Any filtered nucleotides are then replaced with 'N' to indicate that they should not be considered as part of a motif.
In the tool extraction stage, once the low complexity regions are found and masked, the masked sequences are sent to each component motif finding tool and run multiple times independently. A set of candidate motifs and their respective sets of binding sites will be generated. The results from these tools are collected and scored against each other. The For the combining stage, MCAT combines independent results from each motif finding tool with novel VoteRank algorithm. VoteRank is described in Section 4.1.2.
Motif Finding Components in MCAT
The MCAT ensemble algorithm combines six tools. The details of the six tools are introduced below. These algorithms are based on different ideas, which makes combining results more reliable. Note that CMF, Weeder, and XXmotif do not allow the user to decide the specific length of the motif or the number of outputs. MEME (Multiple EM for Motif Elicitation) [4] is one of the most widely used tools for motif finding. It uses multiple expectation maximizations (EM) algorithms to elicit motifs from the input data. It records each result, then masks it out, allowing MEME to find additional motifs without being distracted by motifs that have already been found.
BioProspector [28] is also a popular tool. It employs Gibbs sampling to find motifs. This is a randomized algorithm as opposed to the deterministic EM algorithm used in MEME, and the implementation in BioProspector allows for gapped motifs and motifs containing palindromic patterns. We use default values for all parameters.
CMF (Contrast Motif Finder) [32] is designed to discriminate between two sets of DNA sequences. It utilizes motif seeding to contrast a set of sequences believed to contain the desired motif and a negative set. The results are then derived from the motifs that are found to be over represented in the positive sample.
DECOD (DECOnvolved Discriminative motif discovery) [21] uses a discriminative approach to solve the problem of motif finding. Through deconvolution and heuristic hill climbing, DECOD attempts to search for a position weight matrix that maximizes a target function.
The discriminative approach provides a significant difference in the methodology of this tool in comparison to the others, which allows the pipeline to be even more comprehensive.
Weeder [37] exhaustively enumerates possible consensus sequences determined from precom-puted frequency files, evaluating each one against the sequences from the FASTA file. It does this multiple times with differing motif lengths and number of substitutions allowed, and then reports the top results.
XXmotif (eXhaustive, weight matriX-based motif discovery) [29] is a weight matriX-based motif finding web server that has three stages: masking stage, pattern stage, and position weight matrices (PWM) stage. It first masks out repeat regions, compositionally biased segments, and homologous segment pairs. Then it calculates enrichment p-values for 5-mer and 6-mer degenerate seed patterns, extends the best one, and merges similar PWMs until the p-value cannot be improved anymore. For motifs that are well conserved, this can return a surprisingly large number of results.
VoteRank
Performance Measurement
For performance evaluation, we use nucleotide level accuracy to measure the prediction accuracy, as defined in a previous study [19] .
According to the scoring schema [55] , index n represents that the assessment is at the We can define sensitivity as,
We also use performance coefficient (nPC) for evaluation according to [19, 39] , which is defined as,
The range of nPC is (0,1), and it considers both specificity and sensitivity in one single measurement. Then we have nucleotide level correlation coefficient (nCC) defined as below [6] :
Inspired by the motif level success rate score [19] , we introduced the motif level prediction accuracy (mP a) to evaluate performance of MCAT. mP a is defined as the number of target motifs N t, which match the predicted binding sites, divided by the total number of target A prediction is considered to be a match when the predicted motif overlaps with the target motif by at least 75% of the length of the target motif.
Motif Scoring
A comparison score, a z-score, and a P -value of a matching motif to a set of candidate DNA sequences are computed for each of the candidate motifs. These scores indicate how strongly the various tools were in agreement about this result. MCAT also reports the log likelihood for the position weight matrix of each motif based on the background nucleotide ratios in the FASTA file [44] . 
Comparison Score
A z-score
In general, to calculate the z-score for a sequence, one collects sequence alignment scores of one sequence to another random sequence. Then one computes the average score and standard deviation. In MCAT, motifs are sorted by the z-score. z-score is defined as,
Here, score refers to the alignment score of this sequences to other random sequences. The z-score reveals the difference between observed count and expected count [42] . Higher zscores are better, because the further the real score is from the mean, the more significant it is.
A p-value
To support the result of VoteRank, we evaluate each output motif against all the input sequences by p-value with QFAST [5] . A p-value is defined as the probability that an event occurs by chance. The range of p-value is (0,1), and the smaller the p-value is, the more significant the motif is. The original paper combines p-values from independent sources in the motif-finding problem. They computed the product of position p-values and sequence p-value, then computed the confidence of this product using the QFAST algorithm as the combined p-value.
Here, MCAT takes one query motif and compares it to each sequence of the target sequences.
the sequence as the sequence p-value. All the independent p-values are multiplied together as the product and the combined p-value is the probability that a motif has a score better than the current product based on the distribution of the product.
Comparison with Existing Tools
I compared MCAT with two other ensemble tools, EMD [20] and DynaMIT [12] , by running data sets including Saccharomyces cerevisiae data sets, Schizosaccharomyces pombe data sets, and the Tompa data sets.
One ensemble tool, EMD, works to make it simple to incorporate new component algorithms into the ensemble and is made to run on distributed computer systems. The sites that each algorithm predicts are grouped by the score that each algorithm gives them. Motifs that are in a top group as part of most of the algorithms are identified (all of the predicted sites are given equal weights). The number of times a position in the sequence is identified is counted and a sliding window is used to smooth the score and decide the final site prediction. It works by running the algorithms multiple times, often with different parameters, in order to achieve diverse predictions.
Another ensemble tool, DynaMIT, is completely customizable. It allows users to use whichever motif finding algorithms, combinations, and results printers that they choose. In the paper, DynaMIT was often tested by running MEME and GLAM2 or Weeder on the sequences, then running the results from each algorithm through novel combining methods, known as integration strategies, such as Jaccard similarity and PCA (Principal Component Analysis)
algorithm. 
Visualization
WebLogo [10] provides the functionality in MCAT for creating sequence logos from the resulting position weight matrices generated by the pipeline. Additionally, a simplified motif location diagram is included along with the sequence logo in a generated HTML document, which displays the sequence name, the specific motif match, and the location of the motif match within the original sequence. One example of visualization is shown in Figure 4 .3.
Chapter 5 Results
As MCAT was first inspired by the study of the cell cycle in fission yeast, we performed an extensive evaluation of MCAT over yeast data sets including Saccharomyces cerevisiae and Schizosaccharomyces pombe. Since Saccharomyces cerevisiae has been more fully studied compared to Schizosaccharomyces pombe, we extracted larger data sets from Saccharomyces cerevisiae. After that, we assessed the performance of MCAT against a well-known comprehensive data set from [47] , which covered DNA sequences from human, fruit fly, mouse, and yeast.
When running MCAT, I used default settings when executing most of the algorithms except
Weeder. The default width of motif is 8 and the top 5 motifs were chosen, ranked by comparison scores. For MEME and XXmotif, the zero or one occurrence per sequence (ZOOPs) model was used. As Weeder requires the specification of the organisms, I applied each data set with the corresponding organism. The number of iterations in DECOD is set to 35. I took the top 5 motifs when running the stand-alone tools and ensemble tools for comparison. For DynaMIT, I employed three of the motif search tools in it, MEME, Weeder, and GLAM2. The PCA Strategy was chosen as integration strategy in DynaMIT.
Comparison using Saccharomyces cerevisiae data sets
First, I evaluated MCAT using real Saccharomyces cerevisiae data sets. That data sets were obtained from Yeastract [45] (www.yeastract.com). The database contains promoter sequences, documented regulations, TF names with motifs and corresponding locations.
Promoter sequences has gene name and sequences. I mapped and joined information into a table, which contains information such as for each sequence which motifs it contains. These will come up with a list of biological upstream sequences (motif is a consensus for a given TF which is known to regulate a given gene which has this upstream sequence) and biological negative sequences (motif is a consensus for a given TF which is not known to regulate a given gene which has this upstream sequence). Then picked smaller subsets among those sequences. I used hashing and suffix arrays to manually check if each biological upstream actually contained the motif, and marked the upstream as a strong sequence if it actually contained the motif, and as weak sequence otherwise. Then three sub-sets were generated 
Comparison using Schizosaccharomyces pombe data sets
The Schizosaccharomyces pombe data set for testing was obtained from [36] and involves genes related to the cell cycle. In the paper, the authors extracted data from microarray scans and took up to 12,000 bp upstream sequences or to the next upstream open reading frame for motif analysis and applied MEME [4] , an expectation-maximization algorithm; AlignACE [9] , a Gibbs-sampling algorithm; and SPEXS (Sequence Pattern EXhaustive Search), a wordcount algorithm [50] for motif analysis.
Here, when testing with MCAT, the data sets I used include a total of 23 genes from the core of the Cdc15 cluster (Cdc15), the 18 genes from the Cdc18 cluster (Cdc18), the 9 genes to find 8 out of 9 motifs which is 89% of the motifs in the four clusters, while DynaMIT found 4 motifs which achieves 45% and EMD found 5 motifs which achieves 56%.
Comparison using the Tompa data set
Other data sets used in the performance assessment were from Tompa et al. [47] , which consists of 56 data sets. The data sets consist of real upstream sequences that come from human, mouse, Drosophila melanogaster, and Saccharomyces cerevisiae based on the TRANSFAC database [33] . The original data sets include one benchmark that has the binding sites in their actual genomic promoter sequences; one 'generic' benchmark, which has motifs randomly planted in the promoter sequences from the corresponding organism; and one 'markov' benchmark, which has motifs planted in sequences generated based on an order 3 Markov model. The numbers of sequences and sequence lengths in these data sets vary: there were 1-35 sequences per data set with each sequence of length up to 3000 bp. Compared to individual component algorithms MEME, Weeder, and BioProspector, MCAT achieved an average 320% improvement in sensitivity and 280% in correlation coefficient, while compared to ensemble tools EMD and DynaMIT, MCAT gained over 110% in sensitivity and 100% in correlation coefficient. Chapter 6
Discussion and Conclusions
We developed MCAT, a novel ensemble tool for motif finding in DNA sequences. For developing ensemble motif finding tools, one key problem is selecting the appropriate component algorithms. MCAT employees six individual motif finding algorithms, MEME, BioProspector, Weeder, CMF, DECOD, and XXmotif. It achieved good performance according to the results above. There is no best answer as to the selection of available methods for motif finding; it depends on the features of input data sets and performance evaluation [43] . While different combinations will produce different results, they do improve the results in many specific cases. In MCAT, it is essential that the six tools are diverse. MEME is based on EM methods, BioProspector is based on Gibbs sampling, Weeder is based on suffix trees and some variants. Both CMF and DECOD use a discriminative approach, while XXmotif is based on a scoring system with PWMs. These ensure that MCAT has a diversity so that motifs with high scores by different algorithms will be more confident and lead to good coverage.
Different combinations of component algorithms lead to different performance with the same data set. Figure 5 .3 indicates the prediction accuracy of different combinations of component algorithms. In Figure 5 .3, MCAT which combines the six tools has the better performance than any other combinations of tools, as well as EMD and DynaMIT. The performance of combining six tools or five tools are almost identical. However, Table 5 .1 reveals that when it employs DECOD, the running time of MCAT increases by more than two times. The Chapter 6. Discussion and Conclusions reason for the DECOD does not make a large contribution to the final results might be that the algorithms of CMF and DECOD are highly similar, both of them are based on discriminative algorithm. And in order to get a strong result from DECOD, it is necessary to make the number of iterations high, which will significantly increase the running time.
On the other hand, DynaMIT contains twelve motif finding algorithms, seven integration strategies. It allows users to employ different algorithms, integration strategies and visualizations. However, it failed to provide the guidelines for choosing different combinations of tools based on different data sets. In the process of testing DynaMIT, we noticed that some combinations work well while some not. Another problem for DynaMIT is that it lacks global parameters for configuration. In this case, users are unable to set parameters of target Another key problem for an ensemble tool is how to combine independent results from different algorithms. The VoteRank of MCAT ensures that the top motifs have high PWMs scores and low similarity. In the process of combination, I want to make sure the PWMs generated in VoteRank are distinct, as well as the motifs in the final results. Many early motif finding tools output motifs that are extremely similar, which reduces the coverage of the results. Previous studies [22] summarized the ensemble methods, which mainly include naive ensemble methods, scoring functions, and clustering methods. Recently, more machine learning and deep learning methods have been applied on motif finding problem as well [56] .
Generally the performance of these methods is better than that of individual motif finders.
To further improve the MCAT, identification of appropriate weights of different algorithms and the number of iterations to employ are important issues. In MCAT, I assign weights to different algorithms based on the number of outputs and their performance. According to the result shown in Figure 5 .1, the performance of MCAT with different weights is not significantly different than those of MCAT with all weights equal to one. One way to optimize the weights is to develop formulas to see whether that improves the performance, another way is to change the number of runs [20] . However, in MCAT, it is necessary to set an appropriate number of iterations because BioProspector and DECOD must run iteratively to obtain their final results. If the number of iteration is too low, it is unlikely to guarantee the accuracy of the results.
Overall, MCAT achieves an improved prediction accuracy when compared to individual motif finding tools and other ensemble approaches. Additional work includes further insights with new data sets and implementation for platforms other than Linux as well as a Web application.
